Introduction
Computer-based information systems, connected to world-wide high-speed networks, provide increasingly rapid access to a wide variety of autonomous data sources [8]. A biggest challenge presented by this technology is the intelligent interoperatdon, between autonomous sources, of data with mismatched semantics and representation. Of primary concern is not how to efficiently process data that are known to be relevant, but which data are relevant, where they are located, and how to access them in a semantically meaningful Heterogeneity in the semantics of data arises naturally. The semantic difference is caused by the diverse need of applications. Furthermore, the semantic relationships between heterogeneous data could be incomplete or uncertain. Examples of semantic mismatch are:
way [GI.
0 Scope. The set of employees includes retirees as defined by the benefits department, and includes consultants as defined by the payroll department.
0 Granularity. Gross personal salary is used for job survey, and adjusted family income is used for taxation.
0 Temporal Basis. Branch offices are concerned with weekly sales, while the central office is more interested in monthly revenue.
Moreover, the same data could be represented in various incompatible structures, and the same structure could be used to represent data with incompatible semantics. The representational difference is caused by the need to bind data to representations that are most natural and efficient with respect to specific applications. In general, there simply does not exist a universal representation that is perfect for every application. Examples of representation mismatch are: Identification. An employee could be identified by name in the personnel department, but by social security number in the payroll department. The nature of operations in these two departments demands that different identifiers be used.
Type Conflict. Marriage is considered a oneto-one relationship between men and women by the Internal Revenue Service for current marriage, but a many-to-many relationship between men and women by the Census Bureau for marriage history. It would complicate the operation of IRS if marriage has to be represented as a many-tomany relationship.
Biased View. The one-to-one marriage relationship between men and women could be represented as a binary predicate, a binary boolean function, a wife attribute attached to man ob-' jects, or a husband attribute attached to woman objects. It is impractical to represent the relationship in all possible structures.
Critical Issues
Because of the diversity of autonomous application needs, heterogeneity will persist rather than disappear. Therefore, new technologies have to be developed to support the semantic interoperation of data from autonomous heterogeneous databases. Several critical issues have to be addressed: 
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Semantics. The interoperation should be semantically meaningful, in terms of both the semantics of individual databases and the semantic relationships between them.
Autonomy. The autonomy of databases should be respected and preserved. Users of individual databases should not be restricted in, or forced to make public of, the way they view the real world or the way they represent the data.
Maintenance. Users should not be burdened with maintenance when the semantics or representation of individual databases change, when new databases become available, or when obsolete databases cease to exist.
Complexity. Semantic interoperation should be computationally efficient. Accessing heterogeneous data should be comparable to accessing data in distributed homogeneous databases.
Existing approaches to the interoperation of autonomous heterogeneous databases are based on one of two architectures: tight-coupling or loose-coupling [7] . The key difference between them is schema integration [l] . By taking an integrated schema as the prerequisite of interoperation, tight-coupling resolves the semantic mismatch once and for all, turning the problem of interoperation into the familiar problem of intra-operation. Loosecoupling does not require the existence of an integrated schema, leaving to users the responsibility of resolving semantic mismatch.
Tight-coupling pays a heavy price on autonomy by insisting on schema integration. In order to join an integration, users of individual databases often have to compromise in the way they understand and represent semantics. As a result, they often have to live with representations that are unnatural and suboptimal for their applications. By surrendering to an integration, schema maintenance becomes extremely difficult. Any change to an individual schema would have to be agreed upon by all participating schemas in the integration, which would often require a redesign of the integrated schema and a recoding of all application programs that depend on it.
Very little attention has been paid to loosecoupling. Litwin first advocated loose-coupling as the approach that achieves interoperability without sacrificing autonomy [4]. He also proposed that a multidatabase language should be the central component of loose-coupling, with which heterogeneous schemas and their semantic relationships could be specified and manipulated [2]. However, such a language provides only syntactic interoperability. There is no guarantee that queries and updates formulated in the language, which encompass multiple schemas, are semantically meaningful. Furthermore, the language is likely to be very expressive, making computation in it prohibitively inefficient [3]. Meta-attributes have been proposed [5] to achieve automated value conversion between contexts, a special case of semantic interoperation.
Our Approach
We are developing techniques for the automated semantic interoperation of heterogeneous data via intelligent mediation. The key idea of our approach is the separation of heterogeneity in the semantics of data from heterogeneity in the representation of data. Semantic heterogeneity is handled by intelligent communication, while representational heterogeneity is handled by intelligent compilation.
Suppose that databases A and B contain semantically related but heterogeneous data. Whenever users of database A issue a query Q A , two processes happen in parallel: (1) query QA is processed by the query processor of database A to access data in database A;
and (2) query QA is processed by a semantic mediator to access related data in database B in the following steps, as shown in Figure 1: 1.
2.
3.
4.

.
6.
Query QA is unbound from the representation schemes of database A based on the semantics of representation constructs, resulting in query QL. Finally, the results of two parallel processes are merged, and returned to users as the answer to query QA. Hence, semantic interoperation with our approach consists of three components: If semantic interoperation is performed directly between two entity-relationship schemas without separating semantics from representation, then the semantic relationship between heterogeneous data would be specified as:
Suppose that users of the flight database issue a query to retrieve all cargo shipped to Chicago:
In order to obtain complete information, related data in the cargo database should be retrieved by the query:
The automated semantic interoperation requires interpreting query (2) to the flight database as query (3) to the cargo database based on relationship (l), which involves reasoning in high-order logic about heterogeneity in set-theoretic representation constructs. More over, the results of queries (2) and (3) are expressed in different representations, one containing cargo entities with two simple attributes, while the other containing cargo entities with an additional compound flight attribute. The representational heterogeneity would have to be resolved before these results can be merged and returned to users. Taking our approach, semantic relationships are expressed in first-order logic with uninterpreted function and predicate symbols. The representational distinction of entities versus attributes is abstracted away. For our example, there are three function symbols: 
Queries (2) and (3) will be interpreted as:
The automated semantic interoperation is significantly simplified because it is straightforward to derive, in first-order logic, query (6) from query (5) based on relationship (4). Moreover, queries (5) and ( 
Conclusion
We proposed an approach to the semantic interoperation via intelligent mediation. The key idea of our approach is the separation of heterogeneity in the semantics of data from heterogeneity in the representation of data. Instead of a rich multidatabase language, we advocate a language with minimal representational bias. The semantics of heterogeneous data is communicated independent of representation, and is compiled into homogeneous representation schemes.
Our approach directly addresses the critical issues in the semantic interoperation of heterogeneous data. The semantic mediator guarantees that access to heterogeneous data is semantically meaningful. Autonomy is respected and preserved, since users of individual databases are not affected in the way they view the real world or the way they represent the data. Semantic interoperation is automated; hence, users of individual databases need not be affected by changes of semantics or representation in other databases. Decoupling semantics and representation makes reasoning with heterogeneous data independent of specific representation schemes, reducing the space as well as the complexity of potential heterogeneity, and improving the efficiency of semantic interoperation. With this approach, it becomes possible to share the semantics of data without having to share the representation of data.
